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Association  between  aerial  and eye-level  tree  cover  density  (TCD)  is inconsistent.
The  signiﬁcance  of  association  diminishes  as  tree canopy  coverage  increases.
Planners  should  not  rely  solely  on  aerial  TCD  to  evaluate  urban  forestry  resources.
Eye-level  TCD should  be  emphasized  at  strategic  spots.
Eye-level  photographs  and  site visits  are  still  indispensable  tools  for evaluating  sites.
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The  easy  availability  and  widespread  use  of  remotely-sensed  imagery,  especially  Google  Earth  satellite
imagery,  makes  it simple  for  urban  forestry  professionals  to  assess  a  site and measure  tree  cover  density
without  visiting  the  site.  Remotely-sensed  tree  cover  density  has  become  the  dominant  criterion  for
urban  forestry  regulations  in  many  countries,  but  it is unclear  how  much  such  measures  match  the  eye-
level tree  cover  density  that  people  experience;  or the  information  gained  through  site  visits,  eye-level
photography,  or  from  consulting  with  citizens.  To  address  this  uncertainty,  we  assessed  associations
among  two  remotely-sensed  and  three  eye-level  tree  cover  density  measures  for 140  community  street
sites  across  the  Midwestern  United  States  with  low,  medium,  or high  tree  cover  coverage  by  using  linear
regression  analysis.  We  found  signiﬁcant  associations  among  the  two  remotely-sensed  measures  and
the  three  eye-level  measures  across  the  three  levels  of  tree cover.  The  associations  between  any  pair  of
remotely-sensed  and  eye-level  measures,  however,  diminish  dramatically  as  canopy  cover  increased.  At
high levels  of  canopy  cover,  all associations  between  the  remotely-sensed  measures  and  the  eye-level
measures  became  statistically  insigniﬁcant.  These  ﬁndings  suggest  that  measures  from  remotely-sensed
imagery  fail  to  represent  the  amount  of  tree cover  people  perceive  at eye-level  when  canopy  cover  is
medium  or  high  at the site  scale.  Therefore,  the  current  urban  forestry  planning  regulations,  which  rely
heavily  on  remotely-sensed  tree  cover  density  measurements,  need  to be revised.  We  suggest  strategic
spots  where  eye-level  measures  of  tree  cover  density  should  be  emphasized.
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. Introduction
A primary goal of urban forestry planning and management
s reaching at least minimum levels of tree cover density (Nowak
t al., 2010). Accurate measures of tree cover density are needed so
lanners know where to plant trees and how many trees to plant.
ree cover density is most often measured using remotely-sensed
magery (e.g., rectiﬁed satellite imagery). Google Earth produces
igh-quality remotely-sensed images of most places on earth that
an be used to objectively calculate tree cover density at little or
o cost to the user. This combination of no cost and easy access has
ade the use of remotely-sensed images for measuring tree cover
ensity and for procuring information about a site ubiquitous in
esign and planning circles (Janssen & Rosu, 2012; Sheppard &
izek, 2009).
Given the advantages provided by remotely-sensed images, it is
ikely that many designers and planners feel that they can assess
 site and make rational decisions about it by relying on Google
arth imagery rather than on visiting a site and using other eye-
evel methods (Power, Neville, Devereux, Haynes, & Barnes, 2013).
n recent years, tree cover density measurements derived from
emotely-sensed images have been widely adopted to evaluate
nd compare tree cover density at the scale of states (Nowak &
reenﬁeld, 2012a), cities (McPherson, Simpson, Xiao, & Wu,  2011;
owak & Greenﬁeld, 2012b), and communities (Kardan et al., 2015;
lemm,  Heusinkveld, Lenzholzer, & van Hove, 2015). Eye-level tree
over density measurements are used much less often. Eye-level
easures include calculating tree cover density from eye-level pho-
ography (Jiang, Chang, & Sullivan, 2014) and asking landscape
xperts or ordinary people to subjectively rate tree cover den-
ity from eye-level photographs of actual landscape scenes (Jiang,
arsen, Deal, & Sullivan, 2015; Nordh, Hartig, Hagerhall, & Fry,
009). It is plausible, however, that eye-level photography, espe-
ially panoramic photography that has a similar visual scope to
uman vision, may  better represent people’s perceptions of land-
capes than remotely-sensed imagery, and may  be a better tool
han remotely-sensed imagery in efforts to understand the impact
f urban forestry on human health and well-being. Many studies
ave reported strong, positive associations between the density
f vegetation in urban landscapes and the health and wellbe-
ng of individuals (Li & Sullivan, 2016; Parsons, Tassinary, Ulrich,
ebl, & Grossman-Alexander, 1998; Ulrich, 1984; van den Berg,
oole, & van der Wulp, 2003). Previous studies suggest, moreover,
hat eye-level photographs are more accurate at measuring tree
over density and procuring information about a site than remotely
ensed imagery (Kweon, Ellis, Lee, & Rogers, 2006; Leslie, Sugiyama,
erodiaconou, & Kremer, 2010).
To our best knowledge, no empirical studies have examined
he extent of agreement among remotely-sensed and eye-level
ethods of measuring tree cover density at the site scale. In
ddition, it is unclear whether remotely-sensed or eye-level meth-
ds would be better in certain circumstances (such as when
ree cover density is low or high). To what extent can designers
nd planners eschew traditional forms of procuring informa-
ion about a site (e.g., by measuring tree cover density from
ye-level photographs or walking the site) and rely instead on
nformation conveyed by remotely-sensed images? Should munic-
pal ofﬁcials establish standards of tree cover density in cities
y relying on information conveyed solely by remotely-sensed
mages?
Lack of this knowledge may  lead to bias or error when using
emotely sensed imagery to manage urban forestry resources
r when making landscape design decisions. Understanding the
greement or disagreement among these different measures of tree
over density will help landscape architects and planners use the
est methods in their practice. Armed with the best methods, theyPlanning 157 (2017) 270–281 271
can more accurately assess sites and more fairly allocate urban
forest resources to meet tree cover density objectives.
1.1. Top-down tree cover density
Measuring tree cover density from remotely-sensed images has
been the primary, if not the sole, method used in the U.S. for assess-
ing urban forest density for decades. Clark, Matheny, Cross, & Wake
(1997) regarded using city-wide GIS to measure tree canopy density
as an optimal performance indicator of urban forest sustainabil-
ity. In 2010, the USDA Forest Service published a general report on
sustaining America’s urban trees and forests using tree cover den-
sity derived from remotely-sensed imagery to quantify urban forest
density from the county to national scales (Nowak et al., 2010).
The dominance of tree cover measurements derived from
remotely-sensed imagery has been brought about in part by i-Tree,
the most comprehensive urban forestry assessment tool in the U.S.
i-Tree is a free, peer-reviewed software package released by the
USDA Forest Service in 2006. One of the tools i-Tree offers, i-Tree
Canopy, uses Google Earth imagery to assess tree cover density
from the regional and community scale to the site scale but does
not include measurement of eye-level tree canopy at the site scale
(“i-Tree Canopy," n.d.). Another tool, i-Tree Streets, can be used by
either professionals or non-professionals to assess tree cover den-
sity at the site or community scale, but it is not designed to quantify
eye-level tree cover density at either scale (“i-Tree Streets," n.d.).
Another widely-used tool in the U.S., the Urban Forest Manage-
ment Plan Toolkit, also emphasizes the importance of assessing tree
cover density derived from remotely-sensed images for evaluating
the status of the urban forest and establishing target density lev-
els. The Toolkit, however, does not employ eye-level tree canopy
density as an indicator of target tree cover density at different spa-
tial scales or for different types of urban spaces (“Urban Forest
Management Plan Toolkit," n.d.).
Even urban forestry professionals who do not use i-Tree or other
toolkits can use free Google Earth software to procure information
about a site and measure tree canopy cover. The easy availability
and widespread use of Google Earth satellite imagery makes it easy
for landscape architects to gain detailed knowledge of a site without
getting their boots dirty. Compared to expensive and complicated
GIS software and remote sensing imagery, Google Earth provides
high-quality photos of most urban places on earth at no cost to the
user (Storbeck & Clore, 2007). Using Google Earth photos, design-
ers and researchers can easily and objectively calculate tree cover
density. One such method, which we use in this study, uses graphic
design software to divide the number of pixels in a satellite image
associated with trees by the total number of pixels to calculate the
amount of tree cover in a site.
Other advanced techniques and tools for urban forest assess-
ment, such as Normalized Difference Vegetation Index (NDVI),
Geographic Objective-Based Image Analysis (GEOBIA), and Light
Detection and Ranging (LiDAR), further encourage professionals to
rely on remotely-sensed imagery or maps to calculate top-down
tree cover density and assess other site conditions (Nesbitt et al.,
2015). Indeed, LiDAR has developed 3D measures of tree cover
density, but its high cost prohibits many professionals from using
the technology on a daily basis. Moreover, in developing countries,
data availability restricts the application of these technologies. In
addition, these measures are sometimes seen as too complicated
to apply in design practice for many urban planners or landscape
architects without in-depth training in advanced mapping tech-
niques.Remotely-sensed measures of tree cover density have several
constraints. First, they often do not include scattered tree canopy
in the analysis – that is, tree canopy not connected to large green
patches but more spread out or isolated. Second, these methods
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ften include nearby tree canopy within a speciﬁed buffer area –
uch as a 1000 m circular area or a census block – but it is unclear
hether people have physical or visual access to those areas (Hu,
iebens, & Rao, 2008). Third, the accuracy of these methods for mea-
uring trees with small canopies is questionable. Even the leading
emotely-sensed mapping technology, LiDAR remote sensing, has
 tendency to underestimate the density of trees with low height
lower than 20 m)  (Richardson & Moskal, 2011). Fourth, people
arely experience landscapes from a remotely-sensed perspective,
hich may  make measurements of tree cover density using Google
arth photographs less representative of the tree canopy cover peo-
le see on a site than measurements of tree cover from panoramic
ye-level photographs (Beil & Hanes, 2013; Jiang et al., 2014).
.2. Eye-level tree cover density
Until remotely-sensed imagery became ubiquitous, eye-level
hotography was widely used by designers, planners, and
esearchers to gain knowledge about the tree cover on a site and to
xamine people’s responses to landscapes as a reliable surrogate of
ctual settings (De Kort, Meijnders, Sponselee, & Ijsselsteijn, 2006;
altchanov, Barton, & Ellard, 2010).
Though it is more costly and time-consuming, eye-level photog-
aphy can also be used to empirically measure visible tree cover. In
 pioneering study, researchers used a grid pattern of 588 squares
o measure the percentage of green landscape components from
ye-level photographs by counting squares covered by more than
0% of a given landscape component (Nordh et al., 2009). A more
recise way to make these measurements is to use Photoshop soft-
are to divide the number of pixels occupied by tree canopy by
he number of pixels in the whole photograph (Jiang et al., 2014).
his method should be a reliable representation of how much tree
over people perceive while standing on a site because the measure
recisely calculates the visible tree cover presented in an eye-level
hotograph.
.3. Human assessment of tree cover
In addition to calculating tree cover density using eye-level or
emotely-sensed images, landscape architects and planners also
ubjectively assess tree cover from eye-level photographs or site
isits. Less frequently, they involve the public in this site assess-
ent. Public engagement can improve urban forest sustainability
fforts (Clark et al., 1997). However, urban planners and landscape
rchitects might be reluctant to engage the public when it is unclear
ow well they perform speciﬁc urban forest planning and man-
gement tasks (Sipilä & Tyrväinen, 2005). Previous studies suggest
hat the public can reliably complete many of these tasks, including
ollecting imagery data for urban forest inventory (Abd-Elrahman,
hornhill, Andreu, & Escobedo, 2010), reporting physical attributes
nd estimating the beneﬁts of urban street trees (Sommer,
uenther, & Cecchettini, 1992), indicating landscape preference
Carvalho-Ribeiro & Lovett, 2011; Jiang, Larsen et al., 2015), design-
ng and constructing public green spaces (Semenza, March, &
ontempo, 2007), conducting landscape surveys after a short train-
ng (Kuo & Sullivan, 2001a), and setting urban forestry goals (Sipilä
 Tyrväinen, 2005). Other studies, however, found that ordinary
eople often do not have enough biodiversity-identiﬁcation skills
Dallimer et al., 2012) and management understanding (Sipilä &
yrväinen, 2005), and might have conﬂicts of interest depending
n their occupational background (Sullivan, 1994)..4. Research objectives
Though there are a variety of ways to measure tree cover density,
o previous studies have explored whether, and to what extent,Fig. 1. Four research questions examining the relationships among ﬁve measures
of  tree cover density.
remotely-sensed measures and eye-level measures agree at the site
scale. Does the agreement change when tree cover density is low,
medium, or high? We also do not know how empirically-calculated
methods of measuring tree cover density compare to subjective
assessments from experts and ordinary people. If all of these mea-
sures are strongly associated with each other, then practitioners
can use any tree cover density measurement with conﬁdence. How-
ever, if the different measures are not highly correlated, then it will
be important to understand how they differ so that professionals
can use the best methods in their practice.
To identify the relationships among the different measures of
tree cover density, we used two  remotely-sensed methods and
three eye-level methods to measure tree cover density at the com-
munity street scale and analyzed their associations.
For the remotely-sensed methods, we  used Google Earth images
to measure tree cover density. In the ﬁrst method, we calculated
percent tree cover of a street corridor from Google Earth remotely-
sensed images (Google Street Corridor). In the second method, we
calculated percent tree cover of a 100-m wide visual corridor from
Google Earth remotely-sensed images (Google Visual Corridor).
For the three eye-level methods, we  used panoramic pho-
tographs. In the ﬁrst method, we  objectively calculated percent
tree cover from panoramic photographs (Panorama Calculated).
For the second and third methods, we asked ordinary participants
and landscape experts to rate the tree cover density they perceive
in panoramic photographs (Panorama Participant and Panorama
Expert).
We assume eye-level measures more accurately represent
the tree canopy coverage perceived by people on site because
panoramic photographs contain a similar viewshed as people expe-
rience on site. Based on this assumption, the association between
eye-level and remotely-sensed imagery measures can reﬂect the
reliability of remotely-sensed measures in describing the tree
canopy cover perceived by people on site. We use multiple eye-
level measures (three) to minimize the risk of bias for any single
eye-level measure. The validity of each measure can be further
demonstrated if all pairs of the three eye-level measures have cor-
relations close to 1. We  use two remotely-sensed imagery measures
for similar reasons.
We asked four questions (Fig. 1). For each question, we also
examined if the relationship changes when sites are grouped into
low, medium, or high tree canopy cover. The ﬁrst question below is
the central question of this study. The three questions that follow
seek to deepen our understanding of the central question.
1. To what extent are the two Google Earth measures associated
with the three Panorama measures?
2. To what extent are the two Google Earth measures associated
with each other?
3. To what extent is Panorama Calculated associated with
Panorama Participant and Panorama Expert?
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. To what extent is Panorama Participant associated with
Panorama Expert?
. Method
To examine the agreement among the ﬁve measures of tree
over density, we used remotely-sensed images and panoramic
ye-level photographs of neighborhood street sites and calculated
ree cover density values using the 5 measures for each site. A Pear-
on Correlation analysis was conducted for all 140 samples. The
ites were further divided into three groups with low, medium, and
igh tree canopy cover. Associations among the 5 measures were
xamined through linear regression analysis.
.1. Selection of sites
To select sites for our study and limit the confounding physical
haracteristics that differed between sites, we  employed the fol-
owing steps: First, we identiﬁed 46 single-family home community
lock groups in four mid-western urban areas (Champaign-Urbana,
t. Louis, Indianapolis, and Springﬁeld) in the United States as can-
idate districts. We  used median annual income between $50,000
nd $75,000 per household at the block group level (data from
oogle Earth Pro) as a controlling socioeconomic factor (Jiang et al.,
014). We  used this criterion as the ﬁrst step to avoid commu-
ity sites with poorly maintained or overly polished environmental
haracteristics. According to the USA census, the range of annual
ncome adopted in this study represents income of the majority of
iddle class families in the mid-western region. Second, two inves-
igators visited each block group and took eye-level panoramic
hotographs of 255 street sites with varying levels of tree cover.
t this step, we rejected streets without sidewalks or curbs. Third,
hree experts in Landscape Architecture reviewed the panoramic
hotographs of the sites and removed sites from consideration that
ad unique environmental attributes other than tree cover density.
e  removed streets with unique physical characteristics (presence
f humans, moving cars, parked cars that blocked the view, uncom-
on  small or large buildings, etc.) to make sure all streets had
imilar spatial attributes but varying levels of tree cover density.
his process left us with 140 sites that were used in the study.
.2. Creating panoramic photographs
To photograph the initial 255 street scenes, we  placed a tripod
long the street curb near a driveway, where casual conversation
nd physical activities often occur. The investigator placed the cam-
ra on the tripod where the street scene could be captured, with
o big trees or other visual barriers within 10 m of the camera. The
amera lens was kept at a horizontal angle and placed approxi-
ately 165 cm from the ground, a height similar to human vision.
ll photographs were taken on sunny days from 10 a.m. to 3:30
.m. from June to August 2011. The viewshed of the panoramic
icture was approximately 150◦. A panoramic photograph was  cre-
ted by combining photographs into a panoramic scene using the
hotomerge command in Photoshop CS5.
.3. Five measures of tree cover density
This study examines associations among ﬁve measures of tree
over density: two measures using Google Earth remotely-sensed
magery and three measures using eye-level panoramic pho-
ographs (Fig. 2)..3.1. Google Street Corridor and Google Visual Corridor
In order to calculate the density of tree cover from remotely-
ensed imagery along each of the 140 streets, we  downloadedPlanning 157 (2017) 270–281 273
high-resolution photographs from Google Earth Professional. We
set the altitude at 600 m for all sites so that all photographs had the
same scale and same resolution (4800 pixels). All remotely-sensed
photographs were captured during the 2011 growing season to
ensure that deciduous trees had fully developed canopies.
The next step was to identify the boundary of the viewshed.
We  deﬁned the viewshed in two  ways. The ﬁrst way, which we
call Google Street Corridor, included the street corridor outlined by
ridges of houses on either side of the street. The second way, which
we call Google Visual Corridor, included a 100-m-wide visual corri-
dor that was  measured from the center of the street (50 m on either
side of the center line, Fig. 2, top-left). The Google Street Corridor
viewshed contained the entire tree canopy within the street cor-
ridor, whereas the Google Visual Corridor contained other visible
trees behind the houses up to 50 m away from the center line of the
street (Fig. 2, top-right).
We  used these two remotely-sensed measures because both
methods are frequently used and can complement each other. The
Google Street Corridor measures tree cover density strictly within
the street corridor. In some cases, it might neglect tree canopy
outside the street that can be seen from the street. The Google
Visual Corridor solves that problem by including the nearby vis-
ible tree canopy. The Google Visual Corridor does not measure all
tree canopy in the 100 m visual corridor because some trees are
totally invisible from a site.
We used the Magnetic Laso Tool in Photoshop Software to
select areas occupied by tree canopy shown in the remotely-sensed
image. The area of overlapping tree canopy was only counted once.
The features of the Laso tool were set as feather (0 px), anti-alias,
width (1 px), contrast (10%), and Frequency (100). Then we  used
the histogram table to read the number of pixels in the selected
areas and the total number of pixels of the entire photograph. Tree
cover density is the percentile ratio between those two numbers.
2.3.2. Panorama calculated
To calculate the amount of tree cover density in the panoramic
photographs, we used Photoshop again. We ﬁrst selected areas
of tree canopy and trunks in a panoramic photo and identiﬁed
the number of pixels contained in those areas. As with the two
Google measures, we identiﬁed the number of pixels contained in
the entire photo and divided the number of pixels associated with
trees by the total number of pixels (Fig. 2, bottom).
2.3.3. Panorama participant
Participants were drawn from a larger study that examined the
impact of varying tree cover density on stress recovery and prefer-
ence (Jiang et al., 2014; Jiang, Larsen et al., 2015; Jiang, Li, Larsen,
& Sullivan, 2016). 314 adults participated in this study by com-
pleting a questionnaire in the lab (167 females and 147 males,
whose age ranged from 18–32, with mean 21.4 years, and stan-
dard deviation of 2.6 years). Individuals who  were receiving or had
received professional training or education in Landscape Architec-
ture, Architecture, or Urban Planning did not participate in this
portion of the study.
Each participant was  randomly assigned 15 out of 140
panoramic photographs and asked to rate the tree cover density
using a Likert scale from 1 (no tree cover) to 10 (extremely dense
tree cover). Each of the 140 sites was  evaluated about 33 times by
different participants. Complete data from ﬁve sites was  missing
so data from 135 sites were used for further analysis. We  usedPanorama Participant measurement. The Cronbach’s Alpha value
for the Panorama Participant measure is 0.79, which suggests high
inter-rater reliability. For convenience of analysis, the original rat-
ing scores were transformed to percentages.
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Fig. 2. Representation of three empirical methods of measuring tree cover density for a sample site: Panorama (top), Google Street Corridor (up-left, the colored map  area
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reen  color. (For interpretation of the references to colour in this ﬁgure legend, the
.3.4. Panorama expert
Fifty-eight graduate students in Landscape Architecture rated
he tree cover density for the 140 panoramic photographs. Each
hotograph was displayed by a digital projector for 10 s and experts
ated tree cover density using the same Likert scale the ordinary
articipants used. Complete data from one site was missing so data
rom 139 sites were used for further analysis. We  used the mean
alue of experts’ rating on each picture for the Panorama Expert
easurement. The Cronbach’s Alpha value for Panorama Expert is
.83–a high level of inter-rater reliability. For convenience of anal-
sis, the original rating scores were transformed to percentages.
.4. Categorizing three levels of tree canopy coverWe  conduct Pearson Correlation for all samples to investigate
ssociations among 5 tree cover measures. We  wondered, how-
ver, if the ﬁndings would be consistent for different tree coveride visual corridor). The tree canopy in the equations is highlighted in the bright
r is referred to the web version of this article.)
densities. To examine this question, we  categorized sites into low,
medium, and high tree cover density, using density values from our
Google Street Corridor measure. We  chose Google Street Corridor
to categorize sites because it is the method used by a majority of
city managers, urban forestry planners, design professionals, and
scholars to measure tree cover density. Using it to categorize levels
of tree cover density enables us to connect our ﬁndings with current
planning regulations, design solutions, and scientiﬁc evidence.
To determine the cutoff values for the three levels (low, medium,
and high), we  took several steps. First, we  examined published sur-
veys of percent tree cover in major North American cities to ﬁnd
possible ranges of tree cover density. In one study, among 68 cities,
15 had tree cover greater than 30%, 14 cities had tree cover between
16% and 30%, and 27 cities had tree cover equal to or less than
15% (Nowak et al., 1996). These ﬁndings suggest it is reasonable to
regard a percentage around 15% as the cutoff between the low and
medium tree cover groups and a percentage around 30% as the cut-
B. Jiang et al. / Landscape and Urban Planning 157 (2017) 270–281 275
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Table 1
Descriptive information of ﬁve measures of tree cover density.
Categories Five measures N Min  Max M S.D.
Remotely-sensed Google Street Corridor 140 0.1 61.5 17.3 17.0
Google Visual Corridor 140 0.1 63.9 21.8 19.6
Eye-level Panorama Calculated 140 0.0 65.5 31.0 21.7
T
T
*ig. 3. Fluctuations of average “Adjusted R Square” for each group with given i.
owcov, midcov, and highcov mean low, medium, and high tree canopy coverage.
ff between the medium and high groups. Second, we examined the
ean value of percent tree cover in urban areas for 12 states in the
orthern and central United States, with climate and demographic
onditions similar to sites in our study – we found it to be 25.9%
ranging from 19% to 34.6%). Finally, we identiﬁed the mean val-
es of perecent tree cover for the states represented in our study
nd found these values to be 26.4% for Illinois (SD = 2.4%), 22.3%
or Missouri (SD = 3.0%), and 31.1% for Indiana (SD = 3.6%) (Nowak
 Greenﬁeld, 2012a, 2012b). These results suggest a cutoff value
etween 25% and 35% to separate the medium and high levels.
Even following the procedures described above, it is possible
hat any cutoff values we settled on would still be arbitrary. Thus
e test a range of cutoff values including possible values suggested
y the literature (around 15%, 25%, and 35%) to ﬁnd the most robust
utoff points (Hansen & Sargent, 2001). We  obtain regression model
esults for all combinations of cutoffs ﬂuctuating around 15%, 25%,
nd 35% (which is represented by i below). Then we picked the
utoff values that were the most insensitive to small ﬂuctuations
n i – that is, when we added or decreased by 1% the selected cutoffs.
The cutoff values before the robustness test were: 10% + i
etween the low and moderate tree cover density group, and 25% + i
etween the medium and high tree cover density groups, where i
s an integer parameter ranging from 0 to 10. This set of cutoff val-
es ensures that there are enough samples in each group (at least
5) for different i values. Based on this robustness test result, we
elected i = 5 for the cutoff value for the three densities of tree cover
Fig. 3).
We ran 16,500 regression models with the independent vari-
ble “Panorama Calculated” and the dependent variable “Google
treet Corridor” for all possible values of i and for all 3 groups. To
eep the number of samples consistent for all 3 groups, we  used
he statistical software R to script a code that allowed us to sam-
le n data points from each group for each i value, where n is the
mallest sample size of the 3 groups given a speciﬁc i value. The
ampling was conducted 500 times for each group with a given i
nd the average Adjusted R2 is reported for each group given each
. For the low tree cover group, the average Adjusted R2 is generally
table for all i values. The medium and high groups begin to show
able 2
wo-tailed Pearson correlations among ﬁve measures of tree cover density for all sites.
Tree cover density measures
Remotely-sensed 
Google Street Corridor Google Visual Corridor 
Google Street Corridor 1
Google Visual Corridor 0.97*** 1
Panorama Calculated 0.92*** 0.90***
Panorama Participant 0.96*** 0.94***
Panorama Expert 0.95*** 0.93***
**p < 0.001.Panorama Participant 135 10.0 91.0 50.0 24.2
Panorama Expert 139 10.0 83.0 44.1 22.3
more signiﬁcant ﬂuctuations for i > 5. For the medium group, which
has the most signiﬁcant ﬂuctuations, i = 5 generally represents the
average value of Adjusted R2 for all i. Based on this robustness test
result, we  selected i = 5 for the cutoff value for the three densities
of tree cover.
Following these procedures, we came up with the following
categories: low cover: Google Street Corridor tree cover that falls
between 0 and 15.0%; 2) medium cover: Google Street Corridor
tree cover that falls between 15.1% and 30.0%; 3) high cover: Google
Street Corridor tree cover that falls between 30.1% and 62.0%. These
categories are consistent with recently published work (Nowak &
Greenﬁeld, 2012a, 2012b).
In regression analysis examining the association among ﬁve
measures for the three levels of tree cover density, we wanted to
keep the number of samples run in each model consistent for all 3
groups. Thus we wrote a code using R script to sample n data points
from each group, where n is the smallest sample size of the 3 groups
(for i = 5, n is 29 from the medium cover group). The medium group
is run with linear regression only once with all data from the group
for the correlation between two selected measures, while 29 sam-
ples are randomly selected from each other group each time over
500 regressions applied to each group. The model results are used
in the analyses that follow
3. Results
After reporting the Pearson correlations among the ﬁve mea-
sures for all sites, we examine the associations among the ﬁve
different measures of tree cover density for three levels of density
(low, medium, and high). We  report descriptive statistics in Table 1.
3.1. Association among tree cover measures
The results of Pearson correlation among the ﬁve measures for
all the sites show all measures were signiﬁcantly, and highly, corre-
lated with each other (p < 0.001, see Table 2). We notice, however,
that there are 75 samples within the low tree canopy cover cate-
gory, but only 29 samples within the medium cover category and 36
samples within the high cover category. It is likely that this uneven
distribution of samples distorts the results of correlation analysis.
Therefore, it is necessary to examine the association among the ﬁve
measures when samples are evenly and randomly collected from
the three different levels of tree cover density. We  perform these
analyses below.
Eye-level
Panorama Calculated Panorama Participant Panorama Expert
1
0.95*** 1
0.95*** 0.97*** 1
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Table 3
Linear regression analysis of Google Street Corridor and three panorama measures of tree cover density across three groups.
Panorama
Calculated
Panorama
Participant
Panorama
Expert
Low Adj. R2 0.76*** 0.82*** 0.80***
95% CI
Coef (SE)
0.68, 1.05
0.86*** (0.09)
0.28, 0.40
0.34*** (0.03)
0.33, 0.48
0.40*** (0.04)
Medium Adj.  R2 0.28** 0.14* 0.10
95%  CI
Coef (SE)
0.28, 1.10
0.69** (0.20)
0.03, 0.43
0.23* (0.10)
0.00, 0.33
0.16 (0.08)
High Adj.  R2 0.00 0.09 −0.02
95%  CI
Coef (SE)
− 0.16, 0.46
0.15 (0.15)
−0.01, 0.32
0.16 (0.08)
−0.13, 0.24
0.05 (0.09)
* p < 0.05.
** p < 0.01.
*** p < 0.001.
Table 4
Linear regression analysis of Google Visual Corridor and three panorama measures of tree cover density across three groups.
Panorama
Calculated
Panorama
Participant
Panorama
Expert
Low Adj. R2 0.65*** 0.73*** 0.68***
95% CI
Coef (SE)
0.51, 0.90
0.71*** (0.10)
0.22, 0.35
0.28*** (0.03)
0.24, 0.41
0.33*** (0.04)
Medium Adj. R2 0.12* 0.09 0.05
95%  CI
Coef (SE)
0.02, 0.60
0.31* (0.14)
−0.01, 0.25
0.12 (0.06)
−0.02, 0.19
0.08 (0.05)
High Adj. R2 −0.02 0.06 −0.02
95%  CI
Coef (SE)
−0.20, 0.36
0.08 (0.14)
−0.03, 0.27
0.12 (0.07)
−0.12, 0.22
0.05 (0.08)
*
*
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Table 5
Linear regression analysis of Google Street Corridor and Google Visual Corridor
measures of tree cover density across three groups.
Google Visual Corridor
Low Adj. R2 0.88***
95% CI
Coef (SE)
0.92, 1.22
1.07*** (0.07)
Medium Adj. R2 0.61***
95% CI
Coef (SE)
0.86, 1.61
1.23*** (0.18)
High Adj. R2 0.73***
95% CI
Coef (SE)
0.74, 1.19
0.97*** (0.11)
*** p < 0.001.
at the site scale. Note that Panorama Participant and Panorama
Expert are both similarly associated with Panorama Calculated
Table 6
Linear regression analysis of Panorama Calculated and two  subjective panorama
measures of tree cover density across three groups.
Panorama
Participant
Panorama
Expert
Low Adj. R2 0.84*** 0.82***
95% CI
Coef (SE)
0.29, 0.35
0.35*** (0.03)
0.34, 0.49
0.41*** (0.04)
Medium Adj.  R2 0.40*** 0.26**
95% C
Coef (SE)
0.15, 0.42
0.29*** (0.07)
0.07, 0.31
0.19** (0.06)
High Adj.  R2 0.34*** 0.27**
95% CI 0.16, 0.51 0.12, 0.51p < 0.05.
*p < 0.01.
**p < 0.001.
.2. Association among tree cover measures for three levels of
ree cover density
First, we examined the central question: To what extent are the
wo Google Earth measures associated with the three panorama
easures? Results in Table 3 show that Google Street Corridor is
igniﬁcantly, positively correlated with the three panorama mea-
ures when tree cover density is low (p < 0.001). As tree cover
ensity increases to medium, the adjusted R2 values decrease
arkedly, but two of the three associations remain statistically sig-
iﬁcant (p < 0.01 and p < 0.05). When tree cover density is high, the
djusted R2 values reach low levels and none of the associations
re signiﬁcant.
Results in Table 4 show that Google Visual Corridor has a similar
ssociation with the three panorama measures as the Google Street
orridor. When tree cover denisty is low, all associations are signif-
cant and positive (p < 0.001). When tree cover density is medium,
he adjusted R2 values markedly decrease and only one association
emains signiﬁcant. When tree cover density is high, the adjusted R2
alues reach low levels and none of the associations are signiﬁcant.
Second, we examined the extent to which measures within the
emotely-sensed or eye-level categories are associated with each
ther. What is the association between Google Street Corridor and
oogle Visual Corridor? Both the R-squared and regression coefﬁ-
ient values show the two Google Earth measures are signiﬁcantly
ssociated with each other (p < 0.001) across the three levels of tree
over density (Table 5).
To what extent is Panorama Calculated associated with
anorama Participant and Panorama Expert? Results of the regres-
ion analysis in Table 6 show the associations between Panorama
alculated and the two subjective panorama measures are statis-
ically signiﬁcant across the three groups (p < 0.01 or p < 0.001).
ogether, these ﬁndings suggest that Panorama Calculated is a
eliable objective measure to predict perceived tree cover density*p < 0.05.
**p < 0.01.Coef (SE) 0.34** (0.09) 0.32** (0.10)
*p < 0.05.
** p < 0.01.
*** p < 0.001.
B. Jiang et al. / Landscape and Urban Planning 157 (2017) 270–281 277
Table  7
Association between Panorama Participant and Panorama Expert across three
groups.
Panorama
Expert
Low Adj. R2 0.89***
95% CI
Coef (SE)
0.99, 1.29
1.14*** (0.07)
Medium Adj. R2 0.62***
95% CI
Coef (SE)
0.45, 0.84
0.65*** (0.10)
High Adj. R2 0.31**
95% CI
Coef (SE)
0.26, 0.94
0.60** (0.17)
*
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Fig. 4. As the tree canopy coverage increases from low (top) to medium (middle),p < 0.05.
** p < 0.01.
or the low tree density group (adj. R2 = 0.84, p < 0.001 vs adj.
2 = 0.82, p < 0.001). However, Panorama Participant has a sig-
iﬁcantly stronger association with Panorama Calculated than
anorama Expert for the medium group (adj. R2 = 0.40, p < 0.001 vs
dj. R2 = 0.26, p < 0.01) and the high group (adj. R2 = 0.34, p < 0.001
s adj. R2 = 0.27, p < 0.01).
To what extent is Panorama Participant associated with
anorama Expert? Both the R-squared and regression coefﬁcient
alues shown in Table 7 show that Panorama Participant and
anorama Expert are signiﬁcantly associated across the three levels
f tree cover (p < 0.01 or p < 0.001), although the agreement for the
edium and high groups is lower than the agreement for the low
roup.
. Discussion
At ﬁrst glance, we found all ﬁve measures of tree cover density
ave signiﬁcant, positive associations. But after we sorted the street
cenes into categories of low, medium, and high tree cover den-
ity, we found signiﬁcant differences in the associations, and some
ssociations were no longer signiﬁcant. The association between
he two Google Earth measures and the three panoramic measures
iminished as tree cover density increased. When tree canopy cover
as low, all associations were statistically signiﬁcant, indicating
ood compatibility between remotely-sensed and eye-level mea-
ures. However, when tree canopy cover was at a medium level,
ssociations became considerably weaker (three of six associations
re statistically insigniﬁcant), and all associations became statisti-
ally insigniﬁcant when tree canopy cover was high. These ﬁndings
uggest that Google Street Corridor and Google Visual Corridor do
ot reliably represent perceived or calculated eye-level tree cover
ensity in community streets with high levels of tree cover. These
ndings are consistent with ﬁndings from a pioneering study (Leslie
t al., 2010), but present a more complete picture of the associations
or sites with different levels of tree cover density.
We  found that associations between the two Google Earth mea-
ures (Google Street Corridor and Google Visual Corridor) were
tatistically signiﬁcant across three levels of tree canopy cover
nd yield similar tree cover density measurements. The highly
igniﬁcant match between these two remotely-sensed measures
mplies they have similar capability in measuring tree canopy den-
ity at the site scale. Also, we found that associations between
he two self-rated measures of panoramic tree cover density
Panorama Participant and Panorama Expert) were statistically
igniﬁcant across the three levels of tree canopy cover. We also
ound that associations between the tree densities calculated from
anoramic photographs (Panorama Calculated) and perceived tree
over by ordinary participants (Panorama Participant) and experts
Panorama Expert) were positive and signiﬁcant across the three
ensity levels. This ﬁnding suggests that perceived eye-level treeand to high level (bottom), the diversity of tree species, canopy sizes, and distances
between two adjacent trees increases.
cover measured from both ordinary people and experts yields sim-
ilar results to empirically-measured eye-level tree cover density.
In the paragraphs that follow, we  consider the mismatch
between remotely-sensed and eye-level measures, discuss the con-
tributions and implications of this work, and, before concluding,
suggest ideas for future research.
4.1. Mismatch between remotely-sensed and eye-level measures
Our most important ﬁnding is that there is a mismatch between
remotely-sensed and eye-level measures of tree cover density
when tree cover is medium (15.1%–30.0%) or high (30.1%–62.0%).
We explore ﬁve possible reasons for this mismatch.
First, people’s perception of tree cover density along a street is
likely to differ depending on where they stand, which direction they
look, and where trees are located. Panoramic photographs can bet-
ter capture these differences because they are taken at eye-level
and represent a similar visual scope to what people experience.
People rarely experience landscapes from a high altitude. Mea-
sures from Google Earth photographs can only describe the average
remotely-sensed tree cover of a community street or a visual cor-
ridor.
Second, through further observation of the panoramic pho-
tographs and remotely-sensed images, we  found most sites with
low tree canopy cover in this study contain young, similarly-sized,
small trees of limited species diversity, with uniform distance
between trees (Fig. 4top). As tree canopy cover reaches a medium or
high level, sites have a higher diversity of tree canopy size and dis-
tance between trees (Fig. 4middle and bottom), due to differences
in planting regulations, tree species, tree age, maintenance, micro-
climate conditions, micro-soil and water conditions, or the death
or removal of trees. People standing at different spots in these sites
might perceive the tree cover differently because of this greater
diversity. This observation reinforces the importance of site inves-
tigation because it is a challenge to fully understand the site and
accurately record urban forest features when one relies solely on
remotely-sensed photography.
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Third, it is possible that the mismatch in associations may  be
nﬂuenced by the photographer’s arbitrary choice of location and
erspective. To minimize this bias, we established a clear set of con-
rols for the location and height of camera, the height and angle of
he eye-level photograph, and any visual disturbances. In this study,
ye-level tree cover density was much more likely to be inﬂuenced
y the distribution of tree canopy in the street corridor than by the
hotographer’s arbitrary choice.
Another possible reason for the mismatch is that the effect of
dditional trees on our measure of eye-level density may  diminish
s tree density increases. That is, when tree canopy density is at a
ow level, additional trees are easily noticed and lead to signiﬁcant
nd similar increases in both eye-level and remotely-sensed tree
over density measures. However, as tree canopy cover reaches a
elatively high level, additional trees are more difﬁcult to notice at
ye-level. From an eye-level perspective, it may  be hard to notice
he additional trees, whereas an aerial perspective may  be able to
erceive these trees. Therefore, the regression association becomes
eaker and weaker as tree canopy coverage increases from the low
o high level.
Finally, it is important to note that tree canopy is not a solid
bject. Some trees have signiﬁcantly more leaves or branches than
thers. The completeness of the tree canopy, or the density of
eaves on branches, has been found to be signiﬁcantly associated
ith human perception and preference (Nelson, Johnson, Strong,
 Rudakewich, 2001). Google Earth measures cannot capture tree
anopy completeness because multiple horizontal layers of leaves
ead people to perceive a solid surface of tree canopy. It is much
asier to identify leaﬂess areas within a tree canopy in an eye-level
hotograph. We  conclude that eye-level panoramic photographs
ore accurately depict the tree canopy density people perceive on
ite.
.2. Contributions and implications
To our best knowledge, this study is the ﬁrst to provide a strong
ationale for questioning urban forest regulations in the U.S. and
ther countries that rely heavily on remotely-sensed measure-
ents of tree cover to evaluate and allocate urban forest resources
Kweon et al., 2006; Leslie et al., 2010; Richardson & Moskal, 2011).
he ﬁndings here identify a mismatch in the measurement of tree
anopy density between remotely-sensed and eye-level measures.
he ﬁnding also suggests that, at the site scale, remotely-sensed
easurements are not always reliable, and eye-level measure-
ents are likely more reliable measures of visible tree canopy.
hen tree canopy cover is at a medium or high level, remotely-
ensed measures are not reliable to depict the amount of tree
anopy people see on site. Nevertheless, it may  be feasible to use
ny of those measures when the tree canopy cover on a site is low.
Because each panoramic photograph was shot on the street near
 driveway and the edge of a front yard, our ﬁndings suggest, for
ites with high tree cover, that calculated tree cover density from
oogle Earth remotely-sensed imagery might signiﬁcantly mis-
epresent residents’ perceived tree cover from their front yards.
his disparity reinforces the importance of using panoramic pho-
ographs to assess visible tree canopy and to develop speciﬁc design
olutions at the site scale. In addition, this disparity emphasizes the
mportance of visiting sites to gain a comprehensive impression
f visible tree canopy at different locations and through different
iewsheds.
We  do not suggest that remotely-sensed measures be aban-
oned. Measuring eye-level tree cover density can be costly and
ime-consuming, and it is neither possible nor necessary to mea-
ure eye-level tree cover density at every spot where people can
ccess nature. Indeed, at a regional or city scale, remotely-sensed
easures of tree cover density may  be a feasible choice becausePlanning 157 (2017) 270–281
they can depict an average tree canopy cover for large urban
areas. Instead, we  recommend that designers and city planners
combine methods of measuring tree cover: use remotely-sensed
photographs, which are easy to use and free, to explore the general
level of tree canopy cover for a larger area and then use panoramic
photographs when tree canopy cover is medium or high at the site
scale. This integration of remotely-sensed and eye-level measures
of canopy density would require designers and urban forest profes-
sionals to do on-site investigations in addition to measuring canopy
density from remotely-sensed images.
This study also provides evidence that measures of tree den-
sity calculated from panoramic photographs reliably represent
ordinary participants’ and experts’, although their associations
decrease when tree cover density increases. An unexpected ﬁnd-
ing is that ordinary participants’ subjective measures of tree
cover density more closely matched the objectively-calculated
panoramic measure of tree cover density than the experts’ sub-
jective measures, though the difference was  small. This ﬁnding
suggests ordinary participants’ collective evaluation of tree cover
density can be trusted, providing new evidence to encourage public
engagement.
4.3. Directions for future research
Access to moderate or high levels of tree canopy and other green
landscapes has been shown to promote the health and well-being
of individuals and communities. Unbalanced allocations of urban
forest resources can create situations in which certain portions of
a community are at higher risk for a range of health and wellbe-
ing challenges compared to residents of the community who  have
greater access to medium and high levels of urban forests (Jiang
et al., 2014; Kuo & Sullivan, 2001a, 2001b). A disparity in the density
of urban forests within cities raises serious questions of social and
environmental injustice (Gupta, Kumar, Pathan, & Sharma, 2012).
To achieve equality in access to urban forests, we suggest that future
research should work to develop an equality index for evaluation
of eye-level tree cover density at strategic spots where visual con-
tact to nature is most crucial for promoting residents’ or visitors’
health and well-being (See Table 8 for our initial list of poten-
tial categories and types of strategic spots). For example, the Gini
Coefﬁcient, which is co mmonly used to measure the inequality of
income distribution (International Institute for Environment and
Development, 2011) might be employed as a reference to measure
inequalities in tree cover density.
Another promising avenue for future research would be to mea-
sure tree cover density not only from images from Google Earth
but also from those from Google Street View. The wide-spread
availability of Google Street View means that many public spaces
can easily be assessed in this manner. Emerging machine learning
technology already can accurately calculate the density of green-
ness from Google Street View (Suppakitpaisarn, Slavenas, Jiang, &
Sullivan, 2016). We  are optimistic it will soon be able to calculate
eye-level tree canopy density or other speciﬁc green characteris-
tics such as rain gardens and bioswales, in the near future. Still,
Google Street View provides very little information about site con-
ditions invisible from the street, and thus it has clear limitations.
In addition, Google Street View may  not equally represent urban
places for social or ideological reasons, which would contribute to
the stigmatization of deprived neighborhoods (Power et al., 2013).
Nevertheless, these two  resources, Google Earth and Google Street
View, offer a rich set of possibilities for future research.
There is also a need to improve the methods of obtaining
objective measurements of tree cover from eye-level photographs.
Although Photoshop provides the Magnetic Lasso Tools (MLT) to
assist researchers in selecting areas occupied by tree cover, the
work is tedious because researchers must manually measure the
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Table  8
Four categories of strategic spots where use of the eye-level tree cover density measure is important.
Categories Examples
1. Spots with high visual or physical accessibility to
individuals
Neighborhood street (Jiang et al., 2014; Sarkar et al., 2015); Todorova, Asakawa, & Aikoh, 2004),
community courtyard (Sullivan, Kuo, & DePooter, 2004, community plaza (Semenza et al., 2007),
small public park (Baur & Tynon, 2010; Nordh, Hartig, Hagerhall, & Fry, 2009), or vertical visual
elements (main building fac¸ ade, or hillside).
2.  Spots where individuals spend most of their daily time
living, working, learning, or recreating
Landscapes visible from windows of living room (Kaplan, 2001), ofﬁce (Chang & Chen, 2005), dorm
room  (Tennessen & Cimprich, 1995), classroom (Li and Sullivan, 2016), school cafeteria (Matsuoka,
2010), factory plant and lunch area (Gilchrist, Brown, & Montarzino, 2015), private garden, or
community garden.
3.  Spots seen frequently by individuals who  have physical,
mental, or social-economic challenges but desperately
need contact with nature
Nearby public or private spaces for individuals with disability, mothers with infants, low income
individuals with limited transportation options (Kuo, 2013), pregnant woman (Donovan, Michael,
Butry, Sullivan, & Chase, 2011), senior (Rappe, Kivela, & Rita, 2006), and child (Corraliza and
Collado, 2011); recovery center or therapy garden for patients or victims (Detweiler and Warf,
2005), community playground (Fjortoft & Sageie, 2000), garden and yard for incarcerated people
(Moore, 1981), hospital ward (Ulrich, 1984), hospital waiting area (Leather, Beale, Santos, Watts, &
Lee, 2003; Ulrich, Simons, & Miles, 2003).
4.  Public spaces where signiﬁcant social interaction and
communication occur
Landscapes surrounding city or neighborhood centers (Tyrvainen et al., 2014), coffee shop, church,
farmer market (Center for Active Design, 2010), city plaza, student union, or community club
(Xiao, Li, & Webster, 2016).
N e spac
g
p
m
t
L
d
s
e
v
i
l
f
m
m
U
o
r
s
a
h
c
n
e
P
T
5
s
s
s
s
(
s
t
l
l
d
a
s
s
eote: Eye-level views of tree canopy at strategic spots should be emphasized if th
athering or resting locations, or entry or exit to main buildings.
ercent tree cover for each site. An enterprising person or team
ight develop software that can automatically calculate percent
ree cover.
Another technology that can measure tree cover density is
ight Detection and Ranging (LiDAR). LiDAR can provide three-
imensional data on the attributes of tree canopy, including the
hape and height of tree crown. Currently, obtaining LiDAR data is
xpensive and complicated even for experts. These challenges pre-
ent LiDAR from becoming as user-friendly as Google Earth satellite
magery or eye-level photography (Nesbitt et al., 2015). Neverthe-
ess, the 3D scanning qualities of LiDAR offer new possibilities for
uture research.
To enhance the validity of this study, we investigated com-
unity street sites that included only single-family housing in
iddle-class neighborhoods in Midwestern urban areas in the
.S. But by enhancing validity, we sacriﬁced the generalizability
f our ﬁndings. To test the generalizable of our results, future
esearchers might replicate this research in other types of urban
paces, such as multi-family neighborhoods, high-rise inner-city
partments, urban parks, urban streets, schools, campuses, and
ospital gardens. Researchers should pay attention to deprived
ommunities whose residents are more vulnerable to the loss of
earby nature and whose health status is likely inﬂuenced by socio-
conomic inequality (Jiang, Zhang, & Sullivan, 2015; Mitchell &
opham, 2008; Roe et al., 2013; Ward Thompson et al., 2012; Ward
hompson, Roe, & Aspinall, 2013).
. Conclusion
This study was an initial effort to understand the relation-
hips among multiple measures of tree cover density. At the site
cale, measures calculated using remotely-sensed images were not
trongly associated with eye-level measures of tree cover den-
ity when tree canopy cover was medium (15.1%–30.0%) or high
30.1%–62.0%). The ﬁndings presented here challenge the wide-
pread use of remotely-sensed tree cover density as the dominant
ool for guiding the design and management of urban forests, at
east at the site scale. One promising way to overcome the chal-
enges identiﬁed here would be to integrate measures of tree
ensity from remotely-sensed imagery and eye-level photography
nd develop a comprehensive index of greeness that can more sen-
itively depict the urban tree canopy that people experience on
ite. Our ﬁndings should caution designers, planners, and urban for-
st professionals that heavy reliance on digital aerial photographse covers a long distance or a great area. Those spots may  include entry and exit,
and maps may  lead to landscape assessments and decisions that
do not represent individuals’ experience of a site. Using eye-level
photographs and visting a site in person are still indispensible tools
when tree cover density is at medium or high levels.
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